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In this paper, we introduce a training and compensation algorithm of the class-conditioned basis vectors
in the non-negative matrix factorization (NMF) model for single-channel speech enhancement. The main
goal is to estimate the basis vectors of different signal sources in a way that prevents them from rep-
resenting each other, in order to reduce the residual noise components that have features similar to the
speech signal. During the proposed training stage, the basis matrices for the clean speech and noises are
estimated jointly by constraining them to belong to different classes. To this end, we employ the prob-
abilistic generative model (PGM) of classification, specified by class-conditional densities, as an a priori
distribution for the basis vectors. The update rules of the NMF and the PGM parameters of classification
are jointly obtained by using the variational Bayesian expectation-maximization (VBEM) algorithm, which
guarantees convergence to a stationary point. Another goal of the proposed algorithm is to handle a mis-
match between the characteristics of the training and test data. This is accomplished during the proposed
enhancement stage, where we implement a basis compensation scheme. Specifically, we use extra free
basis vectors to capture the features that are not included in the training data. Objective experimental re-
sults for different combination of speaker and noise types show that the proposed algorithm can provide

better speech enhancement performance than the benchmark algorithms under various conditions.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

The general objective of speech enhancement algorithms is to
remove the background noise from a noisy speech signal to im-
prove its quality or intelligibility. They have been an attractive
research area for decades and find various applications includ-
ing mobile telephony, hearing aid and speech recognition. Nu-
merous single-channel speech enhancement algorithms have been
proposed in the past, such as: spectral subtraction [1], minimum
mean-square error (MMSE) estimation [2,3] and subspace decom-
position [4]. However, these algorithms tend to provide limited
performance in adverse noisy environments, e.g., low input signal-
to-noise ratio (SNR) or non-stationary noise conditions, since they
use a minimal amount of a priori information about the speech and
noise.
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Recently, the non-negative matrix factorization (NMF) approach
has been successfully applied to various problems, such as mu-
sic transcription [5], source separation [6], speech enhancement
[7] and image representation [8]. In general, NMF is a dimension-
ality reduction technique, which decomposes a given matrix into
basis and activation matrices with non-negative elements [9,10]. In
audio and speech applications, the magnitude or power spectrum
of the (noisy) audio signal is interpreted as a linear combination of
the NMF basis vectors, which play a key role in the enhancement
process. Deep neural network (DNN) algorithms have also gained
enormous interest lately. The DNN training aims at estimating the
nonlinear mapping function, specified by the weights and biases
of the hidden layers, that relates the input features to the output
target features. Applications of DNN to speech enhancement and
source separation have been introduced in [11-13]. The NMF and
DNN algorithms differ significantly in terms of underlying model-
ing structure and training requirements; in this paper, we focus on
a linear NMF model.

In a supervised NMF-based framework, the basis vectors are
typically obtained a priori for each source by independently us-
ing isolated training data during the training stage. However, there
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are two main problems in such a framework. The first one is
that the basis vectors of the different signal sources, e.g., speech
and noise, may share similar characteristics. For example, the ba-
sis vectors of the speech spectrum can represent the noise spec-
trum and hence, the enhanced speech may contain residual noise
components which have features similar to the speech signal.
One possible remedy is to train the basis vectors of each source
in a way that prevents them from representing other sources.
In [14], the cross-coherence of the basis vectors is added as
a penalty term to the NMF cost function, whereas the cross-
reconstruction error terms are considered in [15]. The authors in
[16-18] propose to use additional training data which are gener-
ated by mixing, e.g., adding or concatenating, the isolated train-
ing data of each source. However, the approaches in [16,17] are
based on heuristic multiplicative update (MU) rules which do
not guarantee the convergence of the NMF in general [10,19].
Moreover, the basis vectors in [17,18] are obtained indirectly by
means of the activation matrix estimated from the mixed train-
ing data and hence, lack an explicit interpretation in terms of
discrimination.

The second problem in a supervised framework is the exis-
tence of a mismatch between the characteristics of the training
and test data. A common approach to overcome this problem is
to add explicit regularization terms to the NMF cost function that
incorporate some prior knowledge, such as the temporal continuity
[20] or statistical characteristics of the magnitude spectra [21]. In
these algorithms, however, the basis vectors are fixed during the
enhancement stage, which limits the performance when there is
a large mismatch between the training and test data. One alter-
native approach is to use a basis adaptation scheme during the
enhancement stage. In [22], the basis vectors are adapted based
on prior distributions modeled by Gamma mixtures. The authors
in [23] employ extra validation data for speaker adaptation in a
speech-music separation task. In [24], the basis vectors are adapted
by using a combination of the original and pre-processed noisy
speech samples, the latter being obtained via a classical MMSE-
based speech enhancement algorithm. In these algorithms, how-
ever, the basis vectors are adapted from the mixtures of multiple
sources, e.g., noise and speech, such that the resulting basis vec-
tors may still exhibit features of different sources. Consequently,
the enhanced speech may contain some residual noise components
and hence, adapting the complete set of basis vectors may limit the
enhancement performance.

In this paper, to overcome these limitations, we introduce a
training and compensation algorithm of the class-conditioned
basis vectors in the NMF model for single-channel speech en-
hancement, which is an extension of our previous works on
training class-conditioned basis vectors in [25], and basis compen-
sation in [26]. In the proposed framework herein, we consider the
probabilistic generative model (PGM) of classification specified by
class-conditional densities [27], along with the NMF model [28].
Specifically, the PGM of classification is used as an explicit a priori
distribution for the basis vectors. During the proposed training
stage, the basis matrices for all the clean speech and noise sources
are estimated jointly by constraining them to belong to one of
several speech and noise classes. Previously in [25], we used a
traditional Gaussian-distributed class-conditional density [27],
and the model parameters were obtained through a maximum
a posteriori (MAP) estimator using the expectation-maximization
(EM) algorithm. In this paper, we make two key modifications.
First, we employ a Gamma-distributed class-conditional density
to bring more coherence into the NMF model. Second, the update
rules of the NMF model and the PGM parameters for classification
are jointly obtained via the variational Bayesian expectation-
maximization (VBEM) algorithm, which can be considered as an
extension of the EM algorithm [27-29].

The proposed enhancement stage consists of two steps. First,
we perform noise classification based on the posterior class proba-
bility (PCP), in order to determine which type of noise is included
in the noisy speech. Second, we implement a basis compensation
algorithm by adopting the approach in [26]. That is, we use ex-
tra free basis vectors for both the clean speech and noise to cap-
ture the features which cannot be explained by the limited set of
basis vectors due to the hard decision on the noise type as well
as features which are not included in the training data. The PGM
parameters for classification are employed while inferring the
free basis vectors as well as during the noise classification. Pre-
viously in [26], the free basis vectors were estimated by using
the MU rules, whereas we use the VBEM algorithm in this pa-
per. Experimental results of perceptual evaluation of speech qual-
ity (PESQ) [30], source-to-distortion ratio (SDR) [31] and segmen-
tal SNR (SSNR) show that the proposed algorithm provides better
enhancement performance than the benchmark algorithms under
various conditions.

The paper is organized as follows. In Section 2, we review the
basic principles of supervised NMF-based single-channel speech
enhancement. In Section 3, we introduce the PGMs of the NMF
and classification models. The proposed training stage is derived
in Section 4, and the proposed enhancement stage is explained
in Section 5. Experimental results are presented in Sections 6 and
7 concludes the paper.

2. NMF-based speech enhancement framework

For a given matrix V = [v] € R¥*L, NMF finds a local optimal
decomposition of V~WH, where W = [w;,;,] € RX*M is a basis ma-
trix, H = [h;] € RM*L is an activation matrix, R, denotes the set
of non-negative real numbers and M is the number of basis vec-
tors, typically chosen such that M <min(K, L) [19]. The factoriza-
tion is obtained by minimizing a suitable cost function, such as
the Kullback-Leibler (KL) divergence. In this case, the solutions can
be obtained iteratively using the following MU rules [9]
(V/(WH))H" WT(V/(WH)) 1

1 HT WT1; M
where the operation ® denotes element-wise multiplication, / and
the quotient line are element-wise division, 1y is a K x L matrix
with all entries equal to one, the superscript T is the matrix trans-
pose, and <« refers to an iterative overwrite.

In NMF-based single-channel speech enhancement, one com-
monly assumes that the magnitude spectrum of the noisy speech,
obtained via short-time Fourier transform (STFT), can be approxi-
mated by the sum of the clean speech and noise magnitude spectra
[6,7,32], i.e., |Yil ~ |Sk| + [Ny| where Yy, Sy and Ny, respectively
denote the STFT coefficients of the noisy speech, clean speech
and noise at the frequency bin k € {1,...,K} and time frame [ €
{1,...,L}. Hence, in this work, V = [v}] may contain the magni-
tude spectral values of the noisy speech, clean speech or noise, as
indicated by subscripts or superscripts Y, S and N, respectively.

In a supervised framework, Ws and Wy are first obtained dur-
ing the training stage, by applying (1) to the training data Vs and
Vy. In the enhancement stage, for an online application, the ac-
tivation vector h) = [(h})T(hM)T]" e RiMﬁMN)X] is estimated for
the I-th time frame by applying the activation update in (1) to
lvi| = [|Yi|] € R®*1, while fixing Wy = [WsWy]. In this work, we
instead consider a mini-batch online application by concatenating
several successive time frames of the noisy speech. That is, we con-
struct a target matrix as V’; =Yl e REXL”, where [, =1,2,... is

W-Weg JH<~H®

the mini-batch index, Y, is the noisy speech matrix consisting of
the time frames [ € {(I, — 1)L, +1,...,1,Ly}, L is the mini-batch
size, and |-| denotes the element-wise magnitude computation.
The merit of using a mini-batch approach is that we can not only



H. Chung et al./ Neurocomputing 284 (2018) 107-118 109

alleviate the over-complete condition (i.e., Ms + My > L) but also

reduce the computation time. For a given [,-th mini-batch, the ac-

tivation matrix H} = [(H )T (H)T]" e RMTMXy s obtained by

applying the activation update in (1) to V};. Subsequently, the clean

speech spectrum can be estimated using the Wiener filter as [10]

¢ P

Su= == Yu (2)
P+ Py

where ﬁil and ﬁﬁ’, respectively denote the estimated power spec-

tral densities (PSD) of the clean speech and noise. The latter are

obtained via temporal smoothing of the NMF-based periodograms

as [24,25]

By = TsPyq + (1= 75) ((WsH] Ju)? (3)

B = wBy g + (1 — Tn) ((WhHY 1) (4)

where 75 and Ty are the smoothing factors for the speech and
noise, and [-]; denotes the (k, I)th entry of its matrix argu-
ment. Finally, the enhanced speech signal in the time-domain is
reconstructed by applying the inverse STFT to (2) followed by the
overlap-add method.

3. Probabilistic generative models

In this section, we introduce two underlying PGMs for the
proposed framework: the PGM of NMF, where the log-likelihood
function (LLF) corresponds to the KL-divergence, is described in
Section 3.1, while the PGM of classification, which will be applied
to the basis vectors, is presented in Section 3.2.

3.1. NMF model

In [28], the NMF model with KL-divergence is described within
a statistical framework as summarized below. Each entry of a non-
negative matrix, V = [vy,], is assumed to be a sum of M latent vari-
ables as

M
Vi = Z CZ}. (5)
m=1

The mth latent variable, CE, is assumed to be drawn from a Poisson

distribution parameterized by wy,, and h,;

p(Cﬂ|ka~ hml) = 73(C]T:;|Vvkrrzhml) (6)

where P(x|u) = u¥exp(—u)/(x!) is the Poisson distribution with
mean u. Note that the approximation of v; as a sum of integer
variables in (5) can be justified by assuming a large dynamic range
for the former quantity, which in practice can be realized by a
proper scaling of the magnitude spectra [7,25,33].

The maximum likelihood (ML) estimates of the parameters
Wy, and hp,, given the observation vy, are obtained via the EM
algorithm. During the expectation step (E-step), the posterior
distribution of the latent variable ¢}} given the observation vy is
calculated. In the maximization step (M-step), the parameters are
estimated by maximizing the expected complete-data LLF. The
iterative NMF solutions obtained through the EM algorithm have
forms similar to the MU rules in (1).

3.2. (lassification model

In the classification problem, the input vector w = [w;] € RX
under test is assigned to one of I classes. The essential part of the
classification is to find a partition of the observation space RX into
decision regions that will minimize the classification error, by us-
ing training data and their corresponding class labels. There are

two main approaches to solve this problem: PGM and discrimina-
tive modeling [27,34]. The former approach maximizes the likeli-
hood based on the joint distribution of the input data and class
labels, whereas the latter maximizes the PCP. In this work, we con-
sider the PGM since it can provide the necessary a priori distribu-
tions to be used in the proposed training framework.

The PGM can be described by a class-conditional density based
on a Gaussian distribution [25,27] or a Gaussian mixture model
[35]. In this work, we instead employ a Gamma distribution, which
is shown to be a conjugate prior to the Poisson model [28], to
bring more coherence into the NMF model. By ignoring possible
correlations between different entries in w, the class-conditional
density based on the Gamma distribution can be expressed as

K
p(w|di =1)= Hg(wk;a;aﬂk) (7)
k=1

where G(x; u,z) = x~1z-"exp(—x/z)/T"(u) is the Gamma distribu-
tion with mean uz, I'(-) is the Gamma function, and u and z are
referred to as the shape and scale parameters, respectively. Al-
though we can use class-specific scales ,3,’;, we consider a common
value of B for all classes [27], in order to avoid over-fitting.

For a given training set of W=[wj,...,wy] and D=
[di,...,dy], where di; = [d;;,] with dj, € {0, 1} (such that }; d;, =
1) is an I x 1 target class label vector, and assuming the columns
wp, are independently drawn, the likelihood function is given by

M -1 0
pW.D; 0c) = [ [ [ ] [p(Wmldi = D)p;]™ (8)

m=1 i=0
where ¢ = {{p;. {ol}¥_}I=0. {B}X_,} is a PGM parameter set for
classification and p; £ p(d; = 1) is the prior class probability. The
set §c can be simply estimated via the ML criterion. Using Bayes’
theorem, the PCP of class i, given the observation w, can be ex-
pressed as

p(w|d; = 1)p;
> jpwldj =1)p;’

4. Proposed training stage

p(di = 1jw) = (9)

In many applications of the EM algorithm, evaluating the pos-
terior distribution or indeed computing expectations with respect
to this distribution is analytically intractable. Consequently, it is
highly demanding to derive a lower bound for the marginal like-
lihood of the observed data or to estimate the hyper-parameters.
The VBEM algorithm overcomes this difficulty by computing an an-
alytical and efficient approximation to the posterior distribution
[27,29], and also provides an effective estimation of the hyper-
parameters. In general, the VBEM algorithm can be considered as
an extension of the EM algorithm from the ML or MAP estima-
tion of the single most probable value of each parameter to fully
Bayesian estimation in which any unknown parameter is absorbed
into the set of latent variables. We employ the VBEM method to
develop the proposed training algorithm, as further explained be-
low.

4.1. Prior structures

We first explicitly address the prior structures for the PGM in
(6), which will be used in the proposed framework. We denote by
M; the number of basis vectors in class i (such that M = }"; M;),
and by L; the number of time frames in class i. For the basis vec-
tors, the likelihood function p(W, D; 6¢) in (8), based on the class-
conditional density given by (7), can be simply rearranged as

-1 M K

PW: 00) = [T TT TT Pi Wi: @l B) (10)

i=0 m=1k=1
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where we omit the dependence on D hereafter for convenience.
For the activations, we follow the prior model based on the
Gamma distribution as introduced in [7,28]:

1
Py ) = s . ) an
ml
which provides an intuitive interpretation in terms of the mean
value simply given by bfm. Moreover, we consider constant values
of @i and bl for each class, ie., a, =d and bl =b' to avoid
over-fitting [7,28]. Assuming that the entries of H are indepen-

dently distributed, the prior of H can be written as

-1 M L

pH:a,b) =[] []ph,: @' b) (12)
=1

i=0 m=1

where a = {a'}{_) and b= {b'}|_j. Note that employing the prior
structure in (11) for the basis vectors specifies the class-specific
scales in the PGM for classification and hence, limits the enhance-
ment performance due to over-fitting.

4.2. VBEM algorithm

Let us denote by 6, = {C,W,H} the set of latent variables,
where C = {cjy N W= {wi_}. H={hl } and by O = {0c.a, b} the
set of hyper-parameters. In the proposed framework, we use the
class index i =0 for the speech and i=1,...,1—1 for the differ-
ent noise types. For given training data sets of the clean speech
and noise, V = {Vi}, the marginal LLF can be written as

V,C, W, H: 6;)
Inp(V: 0) > // c.w.H)In PV CWHOR) i
npVit) = 3 [ [ acw i BEe
= Eq)[Inp(V, 0;; 0r)] — Eqp,,[Inq(01)]
2 £y(q(6y):0p) £ —Lp(q(6)
£ Lp(q(01); Or) (13)

where q(-) is an arbitrary distribution (often referred to as a
variational distribution) and Eg[f(x)] indicates an expectation
of flx) with respect to g(x). The term Lg(q(f));0r) defines the
lower bound on Inp(V; 6z), where the equality holds for q(6;) =
p(0.|V; 0r) [27,28]. A detailed expression of the lower bound is
given in Appendix A. Analogous to the EM algorithm, the VBEM
algorithm consists of two stages. During the E-step, the goal is
to estimate q(f;) which approximates the exact posterior distri-
bution p(6;|V; 6). In the M-step, the hyper-parameters are ob-
tained by maximizing the lower bound in (13) computed with a
fixed q(0;). That is, the term £g(q(#;)), which denotes the entropy
of q(#;), can be considered as a constant value and hence, max-
imizing the lower bound becomes equivalent to maximizing the
energy Ly(q(0y); Or).

(1) Variational E-step: Based on the mean-field approximation
[27,29], we assume that g(C, W, H) can be factorized as (e.g.,
[28,32,36])

q(C,W,H) = q(C)q(W)q(H)

= (};[I‘I(C?L:)X I1 Q(Wi}m)>(]—[ q(hin,)) (14)

i,k,m im,l

where c’ [c,{,,...,c%f’i]. The resulting local optimal solutions

can be found as [27,28]:

q(©)"*D o exp (]Eq(W)‘”q(H)(r)[ln p(V.0;; 9R)]) (15)

q(W) "V ocexp (Eq<c><r+nq(ﬂ)m [Inp(V, 6;; 0R)]) (16)

q(H)(’“) x exp (]Eq(c)(,+1>q(w)(,+1)[ln p(V, 0L; 0R)]> 17)

where the superscript (r) denotes the rth iteration. For conve-
nience, we hereafter omit the superscript (r) and also drop the la-
tent variables inside the subscript q( - ) of the expectation operator,
e.g., Eq(w;-<m)[w}<m] = Eg[w,, |-

First, the distribution q(c;;l) in (15) is shown to follow a multi-
nomial distribution [28]:

i siy—sly o mi) o | (P',Z’)C ,
M€y Vi, Big) =8| Vjy — Z S | Vi 1_[ (18)
m=1 !

where §(x) is the Kronecker delta function defined by &(x) =1

when x =0 and 8(x) = 0 otherwise. The entries of p, = [Py are

given by

i exp (Eq[Inwi ]+ Eq[Inhi ])

pkl’ = (19)
Yo exp (Egllnwi ]+ Eg[lnhi )

Next, the distribution q(w ) in (16) is obtained as

Li
q(wi,,) o exp |:(oz,'; + Z]Eq[(:lr:;-l] _ 1) Inwi

(— + ZEq[h ,])wkm}

& g(ka; akm’ ﬁkm (20)
where the parameters are given by

L; L
» b o 1 i S\
all<m = (X,L + ZEQ[CZ}I]’ :Bllcm = <E + Z]Eq[h;nl]> . (2])
1=1 I=1
Finally, the distribution q(hi i) in (17) is also found to follow

a Gamma distribution G(h! l_)’;n,) [28], where the parameters
are given by

ml’ ml’

=d + ZEq[cl’:}'] b,
k=

-1
(b, + ZEq[ka ) - (22)
The sufficient statistics (expectations) are given below:

Eqlciy'] = via By (23)
EqIn W;(m] = \p(&licm) +In Blim’ Eq[w}cm] = O_tllcmBllcm (24)

Eqllnhi,] =W(a ) +Inbi, Eglhi ]=d b, (25)

where W (x) =dInI"(x)/dx is the digamma functlon [28].

(2) Variational M-step: The hyper-parameter set 0y is estimated
by maximizing £y (q(0;)"+1); @g). Setting the partial derivative of
Ly (q(0)D; 8g) with respect to 0 to zero, the PGM parameters
for classification, 6, are obtained as

, (o) —al
ol < af % (26)
v (ay)
I-1 M, i
ﬁk _ Zi:O m=1 Eq[w;cm] (27)
iZo Mict}
where o} = Zm l(IEq[lnwkm] —InB)/M; and W' (x) = dW(x)/dx.
The prior class probability is simply estimated by p; = M;/M. The
shape and scale parameters, a and b, are obtained as in [28]:
. . Ind-¥(@)+1-d
a «—a - @) d (28)

1/ai — ¥/ (ab)
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M. L
. 1 i i ;
b= ir 2;1 E]Eq[hml] (29)

m

where @ = Y, > (Bq[hi1/b' — Eg[Inhi ]+ Inb')/(MiL;).

The proposed training stage can be interpreted as follows. Dur-
ing the E-step, the basis vectors are adjusted based on their priors
which define the classification boundaries. Hence, the basis vectors
are estimated by constraining them to belong to different classes.
During the M-step, the hyper-parameters (i.e., the PGM parameters
for classification 6) are re-estimated, which define new classifica-
tion boundaries.

4.3. Parameter normalization and initialization

To avoid scale indeterminacies in wy, and h, which appear
as a product in the distribution (6), we include a normalization
step. Motivated by [37], we normalize Eq[w} ] and exp(Eq[Inwi 1)
such that they sum up to 1 with respect to k after computing (20).
For initialization, we generate positive random numbers and subse-
quently apply the MU rules in (1) to V for several iterations [7,32],
where we found that 10 iterations are sufficient. The resulting Wi
and H are used as the initial values for the sufficient statistics,
ie., Eq[wi, 1. exp(Eq[lnwi, ]). Eg[h ] and exp(Eg[Inhi ). To ini-
tialize 6., we apply (26) and (27) to the initial values of ]Eq[w}'cm]
and Eg4[In w}{m]. The shape and scale parameters for the activations
are initialized by a’ = 0.001 and b' = 10. We use 200 iterations for
the VBEM algorithm, whereas 5 iterations are used for estimating
the hyper-parameters in (26) and (28).

5. Proposed enhancement stage

A number of attempts of combining the classical speech en-
hancement algorithms and the NMF-based framework have been
made in the literature. In [24,26,38], a classical method is used as
a pre-processor to first remove some stationary background noise,
and the NMF-based algorithm is subsequently applied to further
improve the enhancement performance. The authors in [39] im-
plement the classical and NMF-based algorithms independently,
and evaluate the geometric mean over them to estimate the clean
speech spectrum. We combine both approaches and propose to
use the weighted geometric mean (WGM) of the pre-processed
noisy speech and its improvement via Wiener filtering. Regarding
the pre-processor, we use the well-known MMSE short-time spec-
tral amplitude (STSA) estimator [2], where the noise PSD is esti-
mated based on [40]. The proposed enhancement stage consists of
two steps, i.e., noise classification followed by basis compensation,
which are explained in the following subsections. We denote by
Sy, € C*ly the pre-processed noisy speech and by N, =Y, —§;
the pre-estimated noise.

5.1. Noise classification

In many NMF-based speech enhancement algorithms, the back-
ground noise type is assumed to be known a priori. In the pro-
posed framework, we perform noise classification for the I,-th
mini-batch, to select a single noise type among different classes
that has features similar to the noise included in the noisy speech.
To this end, one possible approach is to apply the activation up-
date given by (1) to |Y,b| for each noise type by fixing its corre-
sponding basis matrix and observing the reconstruction error (i.e.,
KL-divergence), such as in [41]. However, this method requires ad-
ditional iterations in which the computational cost increases with
respect to the number of noise types.

In the proposed method, we use the PGM-based classifier given
by (9). That is, we evaluate the PCP based on (9) and 6. for

i={1,...1—-1}, and select the noise type with the highest PCP
value. As a simple approach, we can first estimate a noise clas-
sification basis vector w¢ = [wgl € RX by applying the MU rules
in (1) to |N1b|, and use it as the input to the classifier. However,
we can further reduce the computational cost by simply using the
|N,b| due to the property of NMF (i.e., the target matrix is rep-
resented as a linear combination of the basis vectors), since we
can avoid additional iterations for computing w¢. To further im-
prove the classification performance, we consider both Y; and N,b.
That is, we compute the geometric mean of the magnitude spectra
of the noisy speech and pre-estimated noise (i.e., |Y;, ®N,b|1/2 €
RKxLp), to amplify the noise components. Subsequently, we aver-
age over the rows and normalize the resulting column vector us-
ing the l;-norm, where the corresponding vector will be denoted
by WC € ]Rli.

Regarding the classifier, we found that employing the Gamma
distribution in (7) directly for computing the PCP resulted in poor
classification performance. One main reason is that the Gamma
distribution can lead to numerical instability, since I'() rapidly
approaches infinity as « increases. Hence, we instead use the ap-
proximated Gaussian distribution! as the class-conditional density,
which is indeed simpler to compute than the Gamma distribution:

p(Weld; = 1) =~ N (We; iy, Z5) (30)

where ji; = [fiy] and Z; = diag{&ii} are the mean vector and di-

agonal covariance matrix of the Gaussian distribution with entries
flix = @B and G2 =alB2. The underlying motivation for using
the form in (30) is similar to the application of the Laplace approx-
imation [27], which aims at finding a Gaussian approximation to
the original distribution. According to this approach, the mean and
variance of the approximated Gaussian distribution are obtained
based on the mode and second order derivative at the mode of
the original distribution, respectively. However, since the mode of
the Gamma distribution is defined only for o > 1, we instead use
its mean and variance. Furthermore, we use the average value of
3., over all i for the covariance in (30), which leads to computing
the (exponential of the squared) Mahalanobis distance. The latter
is known to further reduce the computational cost compared to
using the Gaussian model with class-specific variances [42].

5.2. Basis compensation

Once the noise type is determined, we implement a basis com-
pensation scheme by adopting the approach proposed in [26]. That
is, we use extra free basis vectors for both the clean speech and
noise to capture the features which cannot be explained by the
limited set of basis vectors due to the hard decision on a single
noise type, as well as features that are not included in the train-

i KxM.
ing data. We denote by Wbe = [wif ] e RS and WfZF =[whF]e

REXMNF (such that Mgr < Ms and Myr < My) the free basis matrices
of the clean speech and noise, respectively.

For the Ip-th mini-batch, motivated by [24] and [26], we aim
at factorizing v, = [|Y,b| |§,b|] € RIiXZL” into the product of w, =
[Ws WP Wy W] = [wy] € X and Hy, = [H] HS = [hy] e
RT"XZLb, where My = Mg 4+ Mgr + My + Myg. We use the VBEM al-
gorithm introduced in Section IV, to estimate the variational dis-
tributions q(Wlst ), q(WfZF ) and q(H,,). At each iteration, the dis-
tribution q(C) is first inferred as (18), where the parameters are

T Note that this approximation is employed only for the noise classification. The
inference on q(w{(m) does not suffer from the extreme value of the Gamma func-
tion, i.e., the extreme value of the digamma function (—oo) appearing in Eq[In(.)]
in (24) and (25) is handled by the exponential in (19).
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given by (19). Second, we estimate the parameters of q(WISbF ) and
q(WfZF ), while fixing the parameters of q(Ws) and g(Wy). Specifi-

cally, the parameters of q(w; ) and q(wiF), which correspond to
the ones in q(wy,,) for the intervals Ms < m < Ms + Mgr and Ms +
Mge + My < m < My, respectively, are computed based on (21). The
parameters of q(H,b) are then simply obtained by using (22). Sub-
sequently, the scale parameter of the noisy speech activation prior
by, is obtained by

b Z Z[/ 1 aml’Eq[hmI’]
I =
! Z Z[r 1aml’

where a,,;; = as for 1 <m < Ms + Mg and a,,;; = ay for Mg + Mg +
1 <m < My. In contrast to the scale parameter, we fix the shape
parameters of the clean speech and noise, as and ay, which con-
trols the degree of sparsity [28], mainly in order to reduce the
computational cost since their updates require additional iterations
as given by (28).

After estimating q(W,SbF ), q(Wf;F ) and q(H,,), we compute the
smoothed PSDs of the clean speech and noise based on (3) and
(4), where the periodograms are obtained from the mean val-
ues? of q(W,b) and q(H, ). Specifically, the mini-batch clean

speech PSD, f’lsb (3] e RKXLb
[Eq[Ws] Eq[W]] e RO WMstMs) - ang H} with the first Ms+ M

rows of Eq[fllb] = (]Eq[HZ]] +Eq[H,5_b])/2 € RTVXL”. A similar proce-
K><Ll7

(31)

, is computed by replacing Wg with

dure is carried out for the mini-batch noise PSD f’N [pk,] eR,

Then, we estimate the clean speech spectrum where the magni-
tude is obtained via the WGM of |S,b| and Wiener-filtered |Slb|, and
the phase is taken from the noisy speech. Since 2y = 4§lb [2], the
enhanced speech spectrum can be written as

A 1-y,
PS b
A V, 1 - izY,
= | Bul"e|gpm eS| |ee
T 0,
f)S l—u,b
I c
= Ay ®S[ (32)
P + PV b
b b

where 0 < v, <1is the weighting factor. The motivation of using
the WGM is to control the effect of pre-processing. For a high in-
put SNR, for instance, the classical method tends to show a rea-
sonable enhancement performance, which implies that Wiener fil-
tering the pre-processed signal may further distort the enhanced
speech quality. Hence, it is necessary to put more weight on Slb
by selecting a large v;,. In contrast, the classical method results in
a poor enhanced speech quality for a low input SNR and hence,
further improvement is necessary. This can be specified by apply-
ing more weight on the Wiener-filtered §,b by selecting a small v, .
Based on these considerations, we use the logistic function for se-
lecting vy :

P1
— _ 33
= T exp(—paR;) 3)

where R, = 10logyo(3, X By/ Yk Xy By) is the estimated input
SNR in dB for the [,-th mini-batch. The parameters p; and p-,
respectively define the range of vy, € (0, p1) and the slope of the
sigmoid function, where we use p; = p, = 0.5 through the experi-
ments.

2 Alternatively, based on [7], we can compute the smoothed PSD based on the
sufficient statistics of c "in (23) where p’"‘ is given by (19). However, we verified
through experiments that using ]Eq[w ] p10v1ded better enhancement performance
as well as reduced complexity.

Ylb Pre- Slb Su,
> . »| Reconstruction ———»
processing
A A
N pS DN
Nlh BC Plb Plb
v 3
i [ . .
N_o_lse_ » Basis compensation
classification
and
.| PSD computation
1-1
{BC’{aUBU }l=0 }
Fig. 1. A simplified block diagram of the proposed VNCP-BC method.
Table 1
Algorithm summary of the proposed enhancement stage.
for,=1.2,... _ .
Estimate S, and N, =Y, - S,
ifl, =1
P a5 = 2
Initialize pk0 Zz 1 1Sl /Ly and pY ) = Zl 1|Nk,| /Ly

Initialize q(WSF 1) parameters by applying sparse NMF to |S, |
end
Compute Wc by averaging and normalizing Y, ® N, |1/
Select noise type i e {1,..., I—1} via (9) and (30)
Initialize q(WSF) parameters by the one estlmated atl, -1
Initialize q(WNF) parameters by applying sparse NMF to |N, |
Initialize q(H,, ) parameters by generating positive random numbers
for iter = 1:itermax
Estimate q(Wlst) and q(W{ZF) and normalize
Estimate q(Hy,)
Update by, via (31)
end
Compute B = [p?,] and P =[]
Compute ”l,, via (33) and estlmate Sn via (32)
end

For the I,-th mini-batch, the parameters of q(W{ZF) are initial-

ized by applying the NMF algorithm to |N,b| for 2 iterations. Specif-
ically, since Myr > L, (i.e., over-complete), we use the sparse NMF
algorithm that is simply implemented by adding the sparsity pa-
rameter (we use 0.5) to the denominator of the activation update
in (1). In contrast, the parameters of q(WleF ) are initialized from

the ones estimated in the previous mini-batch frame index. The
parameters of q(H,) are initialized by generating positive random
numbers. We use 5 iterations for the VBEM algorithm.

The proposed algorithm, i.e., variational inference on the NMF
model based on class probabilities and basis compensation, will
be referred to as VNCP-BC. A simplified block diagram of the pro-
posed method is illustrated in Fig. 1, while the algorithm is sum-
marized in Table 1. Recall that the terms &; = [&} ] € R‘*Mi and

Bi=I B;{m] € RKxM; represent the parameters of the variational dis-
tribution in (20), and the sets . and {a'} respectively denote the

PGM parameters for classification and the shape parameters in the
activation prior.

6. Experiments

The enhancement performance of the proposed method was as-
sessed through objective experiments. Below, after describing the
general methodology and benchmark algorithms, we present and
discuss the experimental results.
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Table 2
Summary of the test noise types.
Additive Filtered
Matched Bus, Pedestrian, Street (from CHiME)
Mismatched Cafe (from CHiME), Cafe (from CHiME)

Factory 1, Babble (from NOISEX)

6.1. Methodology

We conducted the experiments using the 4th CHiME challenge
corpus [43]. The speech and noise files were divided into two dis-
joint groups: (i) training data, used for estimating the basis matrix
for each class i during the training stage, and (ii) test data, used
during the enhancement stage to evaluate the enhancement per-
formance. The clean speech training data of the CHiME database
are from the Wall Street Journal (WSJO) corpus, which consists of
101 speakers. We considered a speaker-independent (SI) applica-
tion, where one universal basis matrix covering all speakers is esti-
mated during the training stage. To this end, we randomly selected
40 utterances from each speaker and concatenated them to con-
struct the clean speech training data (i = 0), resulting in a total of
8 hours long signal. Regarding the noise training data, we selected
the Bus (i = 1), Pedestrian (i = 2) and Street (i = 3) noises, where
each noise type consists of 2 hours long signal.

We used the reference clean speech from the test set of the
CHIiME corpus, which consists of 330 utterances. Regarding the test
data for the noise signals, we categorized them into two groups,
referred to as: matched and mismatched cases. The matched case
assumes that the training data is available, whereas the purpose of
the mismatched case is to evaluate the enhancement performance
for an unseen noise type, i.e., when no training data is available.
For both the matched and mismatched cases, we performed noise
classification to select a single noise type which has characteristics
similar to the actual noise included in the noisy speech.

We considered two types of the noisy speech signals for the
test: additive noise and filtered noisy speech. The noisy speech sig-
nals for the former type were generated by scaling and adding the
noise to the reference clean speech signal to obtain input SNRs of
-5, 0, 5, and 10 dB. The filtered test set, provided by the CHiME or-
ganization (referred to as “simulated test data”), contains the noisy
speech signals which were generated by artificially mixing the
clean speech and noises. Specifically, the clean speech signals were
filtered by the impulse responses (IR) between the speaker and
microphone, estimated from the real recorded signals and hence,
the filtered data exhibit a more realistic nature of the noisy speech
(see [43] for more details about the database).

For both the additive and filtered data types, we considered
the Bus (i = 1), Pedestrian (i = 2) and Street (i = 3) noises for the
matched noise case and used the Cafe noise from the CHiME
database for the mismatched noise case. Regaring the additive
noise, we additionally selected the Factory 1 and Babble noises
from the NOISEX database [44] for the mismatched noise case. The
sampling rate of all signals was set to 16 kHz. The noise types used
for the test are summarized in Table 2.

Regarding the implementation, a Hanning window of 512 sam-
ples with 50% overlap was employed for the STFT analysis. We
used M; = 60 (for all i) and Mgr = Myr = 20 basis vectors. The val-
ues of (75, Ty) = (0.4,0.9) were chosen as the temporal smooth-
ing factors in (3) and (4). We used L, = 16 for the mini-batch size.
For the pre-processor, the value of 0.9 was used as the smoothing
factor in the decision-directed (DD) method for the a priori SNR
estimation in [2], whereas 0.85 was used as the smoothing factor
for the noise PSD estimation in [40]. Regarding the shape param-
eters ai, we obtained values around 0.02 using the training data

(similar results were found when using different initial values, e.g.,
a' =0.1). Although we can use such values during the enhance-
ment stage, we found that instead using larger values resulted
in slightly better enhancement performance, where we ultimately
chose as =0.1 and ay = 0.2 in the experiments. The reason for
this phenomenon can be explained as follows. The basis vectors in
the proposed framework are estimated within a restricted decision
boundary for each class, which may prevent them from properly
representing the target magnitude spectrum. This becomes severe
when the number of sources increases (i.e., resulting in smaller
decision regions) and hence, may further limit the enhancement
performance. Fortunately, the extra free basis vectors can handle
such limitation by supporting the class-conditioned basis vectors
to better represent the target observation V. In particular, for a
given class i, it is necessary to relax the dependency of the free
basis vectors on their prior distribution so that they are able to
be estimated beyond the decision boundaries. This can be speci-
fied by lowering the degree of sparsity of the activations, which
corresponds to using a larger value of a' [28].

We considered the PESQ [30], SDR [31] and SSNR as the objec-
tive measures of performance. The PESQ attempts to predict over-
all perceptual quality in mean opinion scores (MOS) and the SDR
measures the overall quality of the enhanced speech in dB by con-
sidering both the aspects of speech distortion and noise reduction.
For all the measures, a higher value indicates a better result.

6.2. Benchmark algorithms

To evaluate the enhancement performance of the proposed
VNCP-BC method, we implemented several benchmark algorithms,
which are summarized below. Basic settings, such as the STFT anal-
ysis and synthesis, the mini-batch size L, and the reconstruction
method introduced in Section II, were kept identical when appli-
cable.

(1) MMSE-STSA estimator: We implemented the MMSE-STSA es-
timator [2], where the noise PSD was estimated based on [40]. A
smoothing factor of 0.85 in the DD method and 0.9 in the noise
PSD estimation were used.

(2) NMF: The standard NMF algorithm based on KL-divergence
introduced in Section II was evaluated.

(3) NMF model with distinct basis vectors: Among several NMF
algorithms aiming at estimating the distinct basis vectors, we
implemented two algorithms as representative benchmarks. The
first one estimates the basis vectors based on the cross-coherence
penalty (NCC) which is presented in [14]. The second one is our
previous work in [25], i.e., the NMF model based on class probabil-
ities (NCP), where the class-conditioned basis vectors are obtained
via the MAP estimator.

(4) NMF with basis compensation (NBC): The NMF algorithm with
basis compensation proposed in [26] was evaluated, as a repre-
sentative benchmark among several NMF algorithms proposed for
handling the mismatch problem. We examined the NBC method
with three different types of basis vectors, i.e., obtained via the
conventional NMF, NCC and NCP methods. We used identical set-
tings for the pre- and post-processing as in the proposed VNCP-BC
method.

(5) Bayesian NMF model (BNMF): To compare with a VBEM-
based NMF algorithm, We implemented the BNMF method in [28].
The difference with the proposed VNCP (-BC) method is that the
BNMF method estimates the basis matrix for each source indepen-
dently as in the typical supervised NMF-based framework, whereas
the proposed method estimates the basis matrices for all sources
jointly.

In addition to the above mentioned benchmarks, we imple-
mented the proposed method without employing the free basis
vectors and pre-processing, which will be referred to as VNCP.
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Fig. 2. The posterior class probabilities p(d; = 1|wp).

We used M; = 80 basis vectors for all NMF-based benchmark al-
gorithms (including the VNCP method) except for the NBC method,
where we used M; = 60 and Mg = Mpyr = 20. Hence, the same to-
tal number of basis vectors was employed for fair comparison.
To perform the noise classification for the benchmark algorithms,
we estimated the set - based on the Gaussian-distributed class-
conditional density [25,27]. For the NMF, NBC and BNMF methods,
we first estimated the basis vectors for each class i, then we ap-
plied the ML criterion to the basis vectors [25]. The set 6 for the
NCP method was jointly obtained with the NMF parameters. The
noise classification was performed by following a strategy similar
to the one introduced in Section V-A. Note that the pre-processing
was performed only for the noise classification in the NMF, NCP
and VNCP methods, since these methods do not employ the pre-
processed noisy speech during the reconstruction.

6.3. Results

Fig. 2 shows the PCPs of the estimated basis vectors Eq[wi,]
(which will be simply denoted by wi,). The x-axis indicates the
m-th column vector of the matrix [WO, ..., W3] = [wy], where
each submatrix W' consists of 80 basis vectors, i.e., M; = 80 for
all i. For each class i, the PCP values p(d; = 1|wy;) should be
close to one for the interval iM; +1 <m < (i+ 1)M;, whereas the
PCPs for the other intervals should be close to zero. Regarding the
class i =0, for example, the PCPs p(dy = 1|wp,) for the interval
1<m <80 should be close to one, whereas the PCPs for the in-
terval 81 <m <320 should be close to zero. We can see that the
basis vectors are estimated to be distinct in terms of the PCP in
general (although p(d, = 1|wy,) for the interval 1 <m <80 tend to
be close to one since the Pedestrian noise contains a lot of speech
components), which implies that the basis vectors of each source
will be less likely to represent each other. Similar patterns were
found when using M; = 60.

Fig. 3 shows an example of the noise classification results us-
ing the method introduced in Section V-A. In this particular ex-
ample, a male speech signal was degraded with a noise at 0 dB
input SNR. Specifically, the noise was generated by concatenat-
ing the Bus (i=1), Street (i=3) and Pedestrian (i = 2) noises
where each noise signal was 3 s in duration. As we can see, the
noise type is well estimated. The magnitude spectra of the clean
speech, noisy speech and the enhanced speech using the proposed
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Fig. 3. An example of noise classification. Top shows the true noise type and bot-
tom shows the estimated noise type using the proposed method.

Clean speech

Noisy speech

Freq. [kHZz]

Estimated speech

Time [s]

Fig. 4. Examples of magnitude spectrograms of the clean, noisy and estimated
clean speech using the VNCP-BC method. A male speech is degraded by a noise
consisting of different types as shown in Fig. 3, at 0 dB input SNR.

VNCP-BC method, for this particular example, are illustrated in
Fig. 4. As it can be observed, the background noise has been sig-
nificantly reduced.

The average results over all utterances for the additive noises
are shown in Tables 3-8, where the values in bold indicate the best
performance along the corresponding row. Most of all, we can see
that the proposed VNCP-BC method provided better enhancement
performance than the benchmark algorithms in general for both
the matched and mismatched noise cases. Specifically, the pro-
posed VNCP-BC method resulted in better performance compared
to using the algorithms introduced in our previous works, i.e., the
NCP and NBC methods. Moreover, the VNCP-BC method provided
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Table 3
Average results for additive Bus noise (matched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF  VNCP  VNCP
SNR -NMF  -NCC -NCP -BC
-5 dB PESQ 1.83 2.08 2.07 2.08 2.08 217 217 2.16 211 211 2.27
SDR —4.89 0.17 2.83 2.63 2.80 6.60 6.50 6.80 3.44 3.70 7.54
SSNR  -13.57  -710 -450 -458 -449 -124 -122 -100 -354 -329 -0.29
0dB PESQ 220 243 241 2.42 2.42 2.49 2.49 2.48 2.42 2.42 2.57
SDR 0.05 5.25 7.70 7.51 7.67 10.39 10.33 10.51 8.05 8.28 113
SSNR  —8.56 -275 -078 -085 -0.85 157 1.58 173 0.06 0.25 2.30
5dB PESQ 255 2.76 2.74 2.74 2.74 2.78 2.78 2.77 2.74 2.74 2.87
SDR 5.03 9.99 11.96 11.79 11.98 13.62 13.56 13.55 12.48 12.64 14.27
SSNR  —3.56 143 2.38 2.31 2.21 412 413 4.20 3.62 3.74 4.75
10 dB PESQ  2.90 3.07 3.04 3.04 3.05 3.04 3.04 3.03 3.06 3.06 3.15
SDR 10.03 14.33 15.05 15.04 15.19 16.22 16.12 15.96 16.51 16.58 17.07
SSNR 145 5.54 4.87 4.84 4.65 6.36 6.39 6.34 6.86 6.91 7.09
Table 4
Average results for additive Pedestrian noise (matched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF  VNCP  VNCP
SNR -NMF  -NCC -NCP -BC
-5dB  PESQ 122 1.34 133 135 133 130 133 1.32 136 1.37 139
SDR —4.88 -3.61 -4.19 -396 -393 355 -344 358 371 -3.76  -3.18
SSNR  -1388 -9.02 -9.22 -9.21 -925 -6.51 -653 —-650 -9.21 -927 -5.97
0dB PESQ 151 1.70 1.70 171 1.70 173 175 1.74 175 1.76 1.86
SDR 0.06 1.95 111 1.31 133 2.09 2.16 2.05 1.94 1.90 2.76
SSNR  -8.87 -470 -478 -480 -482 -267 -265 -2.66 -422 428 -170
5 dB PESQ 185 2.09 2.09 2.10 2.09 213 215 2.14 2.16 2.16 2.26
SDR 5.04 7.07 6.02 6.18 6.26 6.86 6.94 6.85 737 7.31 7.84
SSNR  -3.87 -043 -0.80 -0.86 -0.86 0.92 0.95 0.90 0.85 0.76 1.93
10 dB PESQ  2.20 2.44 2.46 2.48 2.46 245 2.47 2.45 2.54 2.53 2.61
SDR 10.03 11.88 10.00 10.16 10.28 10.69 10.76 10.59 12.36 12.25 12.30
SSNR 114 3.87 2.47 2.38 2.39 4.02 4.05 3.91 511 4.99 5.20
Table 5
Average results for additive Street noise (matched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF  VNCP  VNCP
SNR -NMF  -NCC -NCP -BC
-5dB  PESQ 139 1.68 1.63 1.64 1.64 1.84 1.86 1.86 1.77 1.81 2.06
SDR -4.89 -035 0.76 1.06 0.89 4.07 3.80 4.72 4.05 4.58 71
SSNR  -1372 -6.80 -6.11 -605 -616 -273 -289 -240 -3.11 -265 -0.21
0dB PESQ 167 2.02 1.98 1.99 1.98 2.20 2.21 2.21 2.10 2.14 240
SDR 0.05 4.87 5.77 6.06 5.91 8.37 8.18 8.83 8.32 8.71 10.30
SSNR  -8.72 -2.61 -197 -189 -2.02 042 0.36 0.65 043 0.72 2.10
5 dB PESQ  2.00 2.37 235 2.36 2.36 2.52 2.53 2.53 2.44 2.47 2.67
SDR 5.03 9.63 10.17 10.43 10.37 11.83 11.81 1213 12.32 12.55 13.27
SSNR  -3.72 143 1.58 1.69 1.54 3.30 3.38 3.47 3.76 3.85 4.31
10 dB PESQ 236 2.70 271 2.72 2.72 2.77 2.79 2.78 2.76 2.77 2.92
SDR 10.03 14.03 13.49 13.76 13.80 14.46 14.59 14.59 16.06 16.15 16.18
SSNR 129 5.41 439 4.57 438 5.67 5.94 5.80 6.66 6.63 6.69
Table 6
Average results for additive Cafe noise (mismatched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF VNCP VNCP
SNR -NMF  -NCC -NCP -BC
-5dB  PESQ 130 1.38 1.38 1.38 1.38 1.29 132 1.32 1.37 1.37 139
SDR -4.89 -3.40 -2.98 -2.99 -2.78 222 -223 -186 -3.29 -3.20 -1.89
SSNR  -1448 -1093 -1008 -1019 -9.75 -799 -837 -809 -1068 -1053 -8.01
0dB PESQ 156 1.68 1.69 1.70 1.71 1.67 1.69 1.68 1.70 171 1.76
SDR 0.06 2.07 213 217 2.37 332 333 3.61 2.29 2.36 4.07
SSNR 947 —-6.26 —5.56 —5.65 -527 -374 -406 -390 -5.82 —-5.70 -3.26
5 dB PESQ  1.87 2.00 2.03 2.04 2.06 2.04 2.05 2.04 2.09 2.10 215
SDR 5.04 718 6.88 6.93 713 7.99 8.07 8.25 791 7.95 9.16
SSNR  —4.47 -1.72 —1.46 -1.54 -125  0.06 -0.11 -0.09 -044 —0.40 1.02
10 dB PESQ  2.20 235 2.37 2.39 241 2.39 2.40 2.38 2.50 2.51 2.53
SDR 10.03 11.96 10.72 10.81 10.94 11.63 11.85 11.80 13.10 13.08 13.31
SSNR  0.54 2.74 1.96 1.91 2.08 3.35 334 3.21 4.55 4.51 4.68
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Table 7
Average results for additive Factory 1 noise (mismatched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF  VNCP  VNCP
SNR -NMF  -NCC -NCP -BC
-5dB  PESQ 123 1.44 133 1.34 133 1.47 1.49 1.48 1.40 141 1.57
SDR -4.90 -144 -333 -259 317 0.56 0.51 0.83 -112 -092  2.07
SSNR  -1433 833 -982 -922 -976 -536 -549 -513 -848 -856 415
0dB PESQ 150 1.77 1.67 1.68 1.67 1.84 1.86 1.85 173 1.74 197
SDR 0.05 3.96 1.92 2.64 212 5.53 5.51 5.73 421 432 716
SSNR  -9.32 -4.05 531 -475 =525 -181 -1.87 -164 -395 -404 -0.56
5 dB PESQ  1.83 212 2.05 2.06 2.04 2.20 2.22 2.21 211 212 2.34
SDR 5.03 8.83 6.68 734 6.90 9.52 9.57 9.59 9.44 9.51 113
SSNR  —4.32 0.14 -132  -083 -1.28 1.50 1.53 1.58 0.71 0.56 2.63
10 dB PESQ 218 248 243 244 2.42 2.51 2.53 2.51 2.50 2.50 2.67
SDR 10.03 13.40 10.42 10.94 10.72 12.38 12.56 12.35 14.08 14.19 14.52
SSNR  0.68 4.40 1.88 227 1.90 428 441 427 4.88 4.68 5.44
Table 8
Average results for additive Babble noise (mismatched).
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF VNCP VNCP
SNR -NMF  -NCC -NCP -BC
-5 dB PESQ 133 145 144 144 144 140 143 143 146 1.46 153
SDR -4.89 -2.72 -3.75 -3.67 -3.68 -194 -191 -1.71 -3.95 -3.97 -1.63
SSNR  -1426 -990 -1085 -1090 -1082 -753 -785 -770 -1206 -12.09 -8.09
0dB PESQ 163 1.79 1.78 1.78 1.78 1.77 1.78 1.79 1.80 1.80 1.90
SDR 0.05 2.77 1.48 1.55 1.54 3.54 3.50 3.67 145 143 444
SSNR  -9.25 -539  -6.17 -6.17 -6.12 -349 -369 -361 -6.83 -6.87 -3.15
5 dB PESQ 196 212 214 215 2.14 212 213 214 219 2.19 2.29
SDR 5.03 7.78 6.47 6.58 6.51 797 8.01 8.11 721 714 9.54
SSNR  —4.24 -1.02 -184 -1.78 -1.81 0.18 0.12 0.10 -119 -1.29 139
10 dB PESQ 231 2.46 2.50 2.50 2.50 2.45 2.46 2.46 2.58 2.57 2.64
SDR 10.03 12.41 10.68 10.92 10.69 11.27 11.45 1143 12.80 12.69 13.38
SSNR  0.77 331 1.82 1.94 1.80 332 3.38 3.24 4.26 411 4.97
Table 9
Average results for filtered noisy speech.
Input Eval. Noisy STSA NMF NCC NCP NBC NBC NBC BNMF  VNCP  VNCP
SNR -NMF  -NCC -NCP -BC
BUS (mat.) PESQ 170 1.97 1.94 1.95 1.94 2.05 2.06 2.05 1.98 2.00 2.16
SDR -134 2.79 3.62 418 4.00 6.45 6.39 6.66 5.48 5.53 7.98
SSNR  -10.75 -735 -6.61 -636 —-644 -475 -488 -467 563 565 -3.58
PED. (mat.) PESQ 1.50 172 1.67 1.67 1.67 1.76 1.78 1.76 1.72 1.72 1.86
SDR 0.13 3.26 1.47 1.58 0.89 433 437 441 2.27 2.29 5.40
SSNR  -1058 -754 -732 -730 -736 -548 -560 553 -712 -717 —4.54
STR. (mat.)  PESQ 151 1.76 1.73 1.74 1.74 1.85 1.86 1.85 1.81 1.82 2.00
SDR -1.76 2.08 1.77 210 1.98 4.69 4.69 4.96 3.64 3.67 6.45
SSNR  -10.81 -740 -696 -689 -692 -510 -530 502 -590 -594 -3.64
CAF. (mis.) PESQ 152 171 1.68 1.69 1.67 172 174 173 172 1.72 1.83
SDR -0.18 2.54 1.02 0.80 0.74 341 3.52 3.56 213 2.03 4.73
SSNR  -1064 -780 748 -757 -753 -584 599 5091 -7.37 -743 -4.84

better results than the VNCP method, which further validates that
implementing the basis compensation scheme improves the per-
formance.

Regarding the matched noises, the results of the VBEM-based
VNCP method were found to be better than the MAP-based NCP
method. Comparing between the VBEM-based methods, the class-
conditioned model-based VNCP method exhibited better perfor-
mance than the independent source training-based BNMF method
in general, whereas the BNMF method provided slightly better re-
sults for the Pedestrian noise. Among the NBC methods with differ-
ent types of basis vectors, we can see that using the basis vectors
obtained via the NCP method provided better results. We also con-
ducted experiments for all benchmarks and proposed algorithms
assuming that the noise type is known a priori, for the matched
noise case. Although we did not report their objective results in
this paper, we have seen that there were no significant differences
with the results obtained by including the noise classification. That

is, the results increased by about 0.01 in PESQ and SDR for all
methods when assuming that the noise type is known a priori.

The effectiveness of using the basis compensation scheme can
be better verified from the results of the mismatched noises. In
general, we can see that some NMF-based benchmark algorithms
showed even worse performance than using the STSA estima-
tor, whereas the NBC-based methods provided reasonable results.
Specifically, although the NBC methods gave acceptable SDR and
SSNR values for the Cafe and Babble noises under low input SNRs,
the proposed VNCP-BC method exhibited better than all bench-
mark algorithms in most cases.

The average results over all utterances for the filtered data set
are shown in Table 9. Although the results showed slightly differ-
ent pattern from the additive noise case (e.g., the STSA estima-
tor gave even better results than some of the benchmarks for the
Pedestrian noise), mainly due to the effect of the IR-filtered clean
speech, we can see that the proposed VNCP-BC method provided
the best results for all types of noises. Hence, it is verified that the
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proposed VNCP-BC method performs well under a more realistic
environment.

7. Conclusion and future works

We introduced a training and compensation algorithm of the
class-conditioned basis vectors in the NMF model for single-
channel speech enhancement. We considered the PGM for both the
NMF and classification models. The former is specified by a Pois-
son observation model, whereas the latter is specified by Gamma
class-conditional densities, which are used as a priori distribution
for the basis vectors. During the training stage, the basis matri-
ces for the clean speech and noises were estimated jointly by con-
straining them to belong to different classes. The parameters of
the NMF model and PGM of classification were obtained by using
the VBEM algorithm, which guarantees convergence to a stationary
point. During the enhancement stage, we performed a noise clas-
sification followed by a basis compensation. The latter was imple-
mented by using extra free basis vectors to capture features which
are not included in the training data. The PGM parameters for clas-
sification were employed while estimating the free basis vectors
as well as during the noise classification. Experiments showed that
the proposed VNCP-BC method provided better enhancement per-
formance than the benchmark algorithms in general.

Finally, we comment on some interesting research avenues for
further improving the enhancement performance of our proposed
method. Firstly, we can consider modeling the basis vectors using
a more accurate multimodal distribution, e.g., the Gamma mixture
model [22]. This extended prior modeling may also offer the po-
tential of a noise-independent application by handling highly cor-
related noise sources (i.e.,, one universal basis matrix covering all
noise types). Secondly, we can take into account the convolutive
nature of the acoustic medium (e.g., room impulse response) be-
tween the sound source and the microphone, in order to deal with
more realistic reverberant environments. A possible approach to
this end is to model the latent variables in the NMF model via
auto-regressive moving average (ARMA) processes [36].

Appendix A. Variational lower bound

Based on (5), (6), (10) and (12), the logarithm of the full joint
distribution is given by
ln p(v7 C7 Wa H9 0R)
=1In p(V|C) +Inp(C|W,H) +In p(W; 6c) +In p(H; a, b)
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The energy £y (q(6;); 0g) in (13) is simply found by evaluating the
expectations of (A.1) with respect to q(C, W, H) in (15)-(17), where
the sufficient statistics are given by (23)-(25).

Based on (18), (20) and (22), and using the sufficient statistics
in (23)-(25), the entropy £g(q(0;)) = —E¢[Inq(#,)] can be written
as

Le(q(0y))
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The lower bound on the marginal LLF, Inp(V; @), is obtained
by summing the energy and entropy terms as given by (13). Note
that the terms in Eq[-] in the third line in (A.2), which are analyt-
ically intractable, are canceled by their corresponding terms in the
energy Ly (q(0y); Or) [28].
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